as an update to the existing two-volume set of RAGS (2) . The update provides policy and technical guidance on conducting probabilistic risk assessment for both human and ecological receptors. However, the effectiveness of these probabilistic methods for characterizing and communicating risk is largely dependent on the risk assessor's ability to characterize the type and degree of uncertainty and variability associated with inputs to their risk models, particularly those inputs that have a strong influence on the modeling outcome.
We believe that the probabilistic risk assessment process would benefit from a systematic approach for developing probabilistic value ranges for model inputs. We envisage an approach that parallels the one adopted by EPA for deterministic risk assessments where the availability of default exposure factor values has improved the ease and consistency of both performing and reviewing deterministic risk assessments. PRAs cannot have an equivalent list of default value ranges for uncertain model inputs. This is primarily because PRAs are applied to confront uncertainty and variability such that assessors can quantify risks at specific percentiles in a cohort or population and set confidence intervals around their predictions. Default input distributions would almost certainly lack the flexibility and necessary relevance for application to specific target populations and exposure scenarios.
We offer instead a standard approach for developing scenario-specific probabilistic inputs.
The premise is that homogeneous subsets of the population can be identified for a given exposure factor and archetypal distributions can be developed for these sub-populations. Once the archetypal distributions are developed, one can construct scenario-specific exposure factor distributions without re-collecting or evaluating raw data for each new site-specific risk assessment thereby gaining the benefits of default inputs without loosing the flexibility needed 4 22 for scenario specific relevance. We present the approach below and demonstrate it's use with two commonly needed exposure factors: body weight and exposure duration.
DESCRIPTION OF THE APPROACH
The approach includes two major steps and each step includes several tasks as summarized in Fig. 1. Step one of the approach is the process of constructing archetypal distributions for relevant demographic subsets of the population.
Step two relates these archetypal distributions to site specific characteristics of the population or cohort of interest in a given PRA. Details of each step are provided below.
Step One: Development of Archetypal Distributions for Demographic Subsets
Step one of the approach includes three tasks. First, it is necessary to identify and acquire raw data for the exposure factor of interest along with information about the relevant demographic variables. Second, standard data analysis methods, data mining and graphical techniques are applied to identify the robust demographic variables in the population so the raw data can be partitioned into subsets that are relatively homogeneous with respect to the selected exposure factor. In the final task, archetypal probabilistic distributions are constructed for each subset.
Task 1: Acquiring raw data -Developing archetypal distributions requires population-based data for the exposure factor of interest along with information about the associated demographic variables. When identifying data we consider three key attributes -quantity, quality and relevance. The quantity of raw data is important because a distribution that is based on that data has characteristics (mean, standard deviation, etc) whose uncertainties are inversely related to the sample size. The actual sample size needed to construct a reliable distribution depends on the range of data and the precision in the measurement of each sample value. The quality of data also contributes to uncertainty in the form of experimental error due to flaws in sampling design or imprecision in measurements and/or self-reported information. These errors propagate through to the distribution development process. When evaluating data quality, we generally consider direct measurements of the exposure factor of interest to be best; followed by self-reported values for the exposure factor of interest; direct measures of surrogate data; and finally, self-reported surrogate data. Unfortunately, surrogate information (e.g., estimated breathing rate from caloric intake or exposure duration based on population mobility) is often the only information available. The relevance of data must also be considered because even large amounts of high quality data may not adequately capture temporal and spatial variability or the demographic characteristics of the population of interest. Judging the relevance of data requires a clearly defined exposure scenario, population and/or cohort, well-documented data and a clear description of the steps, if any, taken to adjust or transform the data prior to use (3) .
Task 2:
Identifying homogeneous subpopulation -A number of exposure factors have been related to demographics such as age and gender (4) (5) (6) (7) (8) . However, there are few reported tests of whether these demographic categories are indeed statistically different from one another given the inherent variability in the population and uncertainty in the data. There are a number of approaches that can be used for data analysis when the goal is to partition the data in a way that reduces variance within, and increases the difference between resulting subsets. We apply Classification and Regression Tree (CART) data mining software (9) to systematically identify the most robust demographic variables for a given exposure factor.
CART uses binary recursive partitioning to develop classification or regression trees using a non-analytic, computationally intensive procedure for determining what factor, and value, should 6 22 be used to split a data set into subsets (9) . Each new subset of the data is then analyzed and split again until either the sample size reaches a lower limit or the cost (added complexity) of an additional split exceeds what would be gained in the form of reduced variance within -and increased distance between -resulting subsets. The technique has been applied in many fields, including engineering, medicine, public health and economics (10) (11) (12) (13) (14) (15) . We also use graphical analysis to verify and interpret results from the CART analysis.
Task 3: Constructing archetypal distributions -Once the raw data is acquired and partitioned into relatively homogeneous subsets, the next task is to identify an appropriate statistical model and to parameterize that model to fit the data within each subset. A number of papers, reports and books are available that describe methods for selecting and/or constructing probabilistic input distributions (3, (16) (17) (18) (19) (20) (21) . In addition, computer software is readily available for automating much of the process. When these methods are applied, one obtains a distribution that provides an optimum fit to the available data.
The approach that we use is to construct an empirical cumulative distribution from the raw data then use exploratory data analysis to identify the simplest (i.e. fewest parameters) statistical model that best captures the range and shape of the empirical distribution. The selected model is then parameterized to fit the data by minimizing the sum of the square difference between the statistical model and the empirical distribution.
Step Two: Developing Scenario-Specific Distributions At this point we use site-specific information about the size, composition and demographics of the target population to determine how best to sample from the archetypal distributions to construct the most relevant probabilistic input distribution for the exposure factor and population of interest. Population counts are provided in the U.S. Census at scales that include state, county, census tract, block group, block, place, zip code, urbanized area and metropolitan area levels. This information is easily accessed from the Census Bureau's American Fact Finder page (22) . The census tables provide enough flexibility to acquire information about a range of demographic variables in the population on a scale that is relevant for most assessments.
After sampling values from the appropriate archetypal distributions in a way that represents the size and demographic composition of the target population, a statistical model is selected and fit to the scenario specific values. When the target population is small, the sampling and distribution fitting process should be repeated several times to get a robust estimate of uncertainty in the statistical parameters of the distribution. This additional information about uncertainty in the statistical parameters can be useful for PRAs that incorporate both variability and uncertainty as discussed by Cullen and Frey (20) .
ILLUSTRATIVE APPLICATIONS
The following applications illustrate the mechanics and capabilities of the proposed approach with two exposure factors; body weight (BW) and exposure duration (ED). For these factors we provide preliminary archetypal distributions along with methodology for adapting these distributions to construct a relevant scenario-specific probabilistic exposure factor distribution. Although the following illustrative application used data for the United States, the approach should be applicable to any population given adequate data.
ILLUSTRATIVE APPLICATION 1: BODY WEIGHT

Task 1: Acquisition of Data
Our primary source of data describing body weight (BW) for the U.S. population were gathered from the Center for Disease Control revised growth charts for children (23) , the Continuing Survey of Food Intakes by Individuals (CSFII) (24) and the most recent National Health and Nutrition Examination Survey (NHANES III) (25) . The revised growth charts are based on a number of national surveys but exclude data from the most recent national health and nutrition survey for children ≥ 6 years to avoid the upward shift in body weights in the U.S. population (23) . Exclusion of this data may reduce the relevance of the BW information for the current population particularly if the trend towards increased BW continues. We consider the revised growth charts from the CDC to be appropriate for constructing archetypal BW distributions for children and adolescents but these distributions will have to be revisited periodically and adjusted to represent changes in the population.
We use information from the 1994 through 1996 CSFII (24) to evaluate and identify the most important demographic variables related to BW. After identifying these demographics, the CSFII data for adults (age > 19 years) were combined with NHANES III data to increase the sample size for constructing demographically based BW distributions for adults.
Prior to combining the CSFII and NHANES III data, the degree of bias in self-reported BW was evaluated by comparing the empirical cumulative distributions for adult males and females from each survey (Fig. 2) . The actual measured BWs from the NHANES III were assumed to be accurate. We believe that the difference between NHANES III and the CSFII distributions in Fig. 2 is from bias in the self-reported data from CSFII. The jagged nature of the CSFII curves appears to be due to the tendency for self-reported BWs to be rounded to the nearest 5 pounds.
The overall effect of this bias in the self-reported values was expected to be negligible in the combined data set. poverty" = 2 and "greater than 200 % of poverty" = 3 (resulting frequency: 1=2673, 2=3667 and 3=9159). We performed the CART analysis set up for a regression tree with v-fold cross validation (n=10) and the minimum cost tree was generated using the least squares method.
The tree diagram in Fig. 3 presents the results for ages 12 years and above. The reported BW for children under 12 was primarily dependent on age. For adolescents and adults (age 12 and up) gender became an important variable. Females were separated by age from 12 to 24 years and by race for women 24 years and older. Men were subdivided by age from 12 to 19 years and above 72 and by race for men older than 15 years. The influence of race is further evaluated in that the risk assessor re-evaluate the raw data or collect new data to develop relevant distributions for the specific cohort.
Task 3: Constructing Archetypal Distributions for BW based on Age and Gender
We used the information described above to develop BW distributions for each age/gender category. The categories were selected to coincide with the available information from the U.S. Table P14 ) and 18 additional age categories for adults (Census Table P12 ).
Census summary tables. These tables include yearly values by gender from birth through 19 years (Census
Children (birth through 19 years) -
For children from birth through 19 years, we begin with the statistically smoothed growth curves from the CDC (23) and transform them into probability distributions that match the age/gender categories reported in the census summary tables. To do this, we used the growth curves from the original CDC report and simulated 2500 BW values for each 1-month age interval. We then grouped the data to match the age/gender categories reported in Census Table P14 . For example, we used the 2500 body weight values for each 1-month interval from 24 to 36 months (n=30,000) to construct the archetypal distribution of BW for 2 year olds. We use exploratory data analysis to determine that the 3-parameter lognormal model (26) works well for all age categories. We fit the 3-parameter lognormal to the data from the growth charts by minimizing the sum of the square differences (SS xy ) between the empirical and estimated percentiles. This "fit" was performed on the Table 1 . through 69, 5 year intervals from 70 through 84 and 85 and above. This gave a total of 18 age categories for each gender that corresponded to data reported in Census Table P12 . Once the data were grouped, we estimated the empirical percentiles for each age/gender category. We then smoothed these raw percentiles using the functions 
Adults (≥ 20 years) -
for females, where x is age (years) at the midpoint of the category and y is the BW at the given percentile. The parameters a, b, and c are provided in Table 2 and can be used to estimate percentiles for age categories that are not included here. Both the raw percentiles and the smoothed percentiles for each age category are provided elsewhere (27) . similar to one seen in cross-sectional data from the NHANES II survey (28) and to the longitudinal long-term variation in an individual's BW reported by Okajima (29) .
As with the children's data, the exploratory analysis revealed that the 3-parameter lognormal was adequate for fitting the BW values within the different age/gender categories. Therefore, we used the same method previously described for constructing BW distributions for children to fit the 3-parameter lognormal model for adults. Table 3 provides the resulting parameters for the archetypal BW distributions for adults in different age/gender categories. Step 2: Constructing Scenario-specific Distributions of BW Summary tables from the 2000 U.S. census data provide information on the demographic composition of the population at different geographically relevant scales for the U.S. population (22) . Census Table P14 provides 100% counts by gender for each year from birth through 19 and Census Table P12 give an additional 18 age categories for adults twenty years and older. These age and gender specific counts form the basis for constructing BW distributions using the archetypal distributions described earlier. 
Defining Exposure Duration
Unlike BW, exposure duration (ED) has alternate definitions. Some of the more common definitions include time spent in a given location, occupation, or participating in a particular activity. In general, exposure duration is the time interval during which exposure occurs, either continuously or intermittently, at a given exposure concentration and intake/uptake rate (30, page 1-12) . For this illustration we define ED as the time spent in an "exposure district" (i.e., the area that is potentially impacted by a particular harmful agent and/or contaminated site).
Task 1: Sources of Data
A useful first approximation for ED as defined above is the amount of time an individual remains in his/her current residence -previously referred to as "total residence time" (31) , "residential occupancy period" (4) and "residence duration" (32) . However, approximately half of homebuyers purchase homes within 10 miles of their previous residence (30 , Table 15-171) . Thus, changing residence at the end of an occupancy period does not necessarily mean that the exposed individual has moved out of harm's way. Therefore, the estimate of ED, as defined in this application, requires knowledge of both the total occupancy period and the likelihood that the end of the occupancy period results in a move out of the exposure district.
Nationally representative data on total occupancy period are not available. Rather, surrogate data such as mobility, mortality, current residence time and/or tax records have been used to estimate occupancy period (31, 4, 33, 32) . Information on distance of move is also lacking. The most readily available surrogate for distance of move is from migration data that reports movement on the scale of state, county, metropolitan area, central city, or suburb. The U.S. Bureau of the Census conducts the American Housing Survey (AHS) (22) providing comprehensive housing statistics for the U.S. Department of Housing and Urban Development.
The surveys include information on housing type, attributes of housing units, and data on household members. The Census also provides information on population mobility (34) , and identifies movers and non-movers by their reported change in place of residence from one survey to the next. The Census further classifies movers as to whether they relocated to the same or different county, state, or region; and whether they are movers from abroad, within or between central cities, suburbs, or non-metropolitan areas. We used the housing survey data (1995 survey where n=58,318 households) to calculate current residence time (CRT) based on reported "Year householder moved into unit". We used the calculated CRT as a surrogate for occupancy period to identify robust demographic variables for ED. We then used mobility data to develop archetypal and scenario specific distributions.
Task 2: Identifying Homogeneous Subsets of the Population for ED
The demographic variables in the CART analysis of ED included tenure (whether owner or renter occupied), age (0 -90 by year and >91yrs), gender, race, Spanish origin, household income as percent of poverty, and census region. We also considered whether the household was located in a central city or suburban area and if the residence was a farming household. The AHS 1995 variable 'crop sales' (the sales of agricultural products from the farm units were $1,000 or more in the last 12 months prior to the interview) was used to identify farming households.
The classification tree in Fig. 6 shows that differences in reported CRT were primarily dependent on age and tenure. There was also a small regional difference for people older than Fig. 7 shows that further evaluation of the age dependence of CRT revealed a bimodal relationship that peaks near age 18 then dropped to a minimum at around age 30 followed by a steady increase. This bimodal distribution may be due to a direct correlation between the mobility of children and their parents. If we exclude children, the relationship between residence time and age is approximately linear. Migration data, also reported in the census, indicate that the median occupancy period remains relatively constant across age categories in owner occupied homes but doubles between ages 24 and 65 for renters (35) . Furthermore, renters are approximately 4 times more likely to move in a given year than owners and those that do move are approximately 3 times more likely to move to a different county. Therefore, although age was related to CRT, we concluded that the most important information for characterizing the likelihood and distance of a move was the composition of the housing stock in the exposure district (i.e., rental versus owner occupied).
Task 3: Constructing Archetypal Distributions for ED based on Tenure
In constructing the ED distributions, we assumed no prior knowledge of individual ages within each home in an exposure district. Rather, we estimated archetypal distributions of ED in terms of occupancy period for a given household using tenure-based mobility data. Mobility data gives the likelihood that an individual within a certain demographic category will move during the year prior to a survey. For total movers and movers out of a county, the annual moving rates in the general population are relatively constant over time as shown in Fig. 8 . A population having a constant rate of change can be described using a probabilistic model from the family of "life distribution models" (26) , the simplest of which is the exponential model, which is parameterized using a single scale parameter such that the probability of moving in a given year is given by 1-exp(-x/b) where x is the year and b is the scale parameter. To parameterize archetypal distributions based on tenure, we used data from 1989-1999 and estimate the average moving rate for owner-and renter-occupied households along with the moving rate to a different county. Assuming that the annual variation in mobility rate is normally distributed, we obtained for owner occupied households annual average moving-rate scale parameters (± 1 standard deviation) of 0.085 ± 0.004 y -1 and 0.324 ± 0.009 y -1 for total moves and moves out of county, respectively. For renter occupied households the moving-rate scale parameters were 0.033 ± 0.003 y -1 and 0.112 ± 0.007 y -1 for, respectively, total moves and moves out of county. Thus, the archetypal distributions for ED were simply rate constants specified for each demographic subset of the population.
Step 2: Constructing Scenario-specific Distributions of ED Using the moving rates described above one can calculate the ED for a given household in the housing stock as
and R is a random number drawn from the unit rectangular variate, P d is the tenure-based probability of moving as derived from the exponential model and n i is the total number of sequential random draws that satisfy the constraint R < P d . This process is repeated for a given home over a defined averaging time (AT) generating a profile of occupancy periods for that residence. We extend Eq. 3 to the total number of homes in an exposure district by determining the appropriate number of renter-and owner-occupied households in the exposure district and constructing a relevant sample of ED values over the specified AT. The sampling process using Equations 3 and 4 is easily applied using available statistical, mathematical or spreadsheet software packages. The risk assessor can use a sample of ED values generated in this way to construct the probabilistic distribution for the scenario of interest using standard methods for identifying appropriate distributions and fitting them to data.
Information about the composition of the housing stock within an exposure district can be accessed through the U.S. Census or by direct survey of the target population. Specifically, the mobility of different demographic subsets of the population is available at http://www.census.gov. In applying this method to different geographical regions of the U.S., we found that the general exponential distribution including both location and scale (36) consistently provided the best fit to different sets of simulated exposure duration values. For exposure districts where the number of houses is small, we recommend that the sampling and fitting process be repeated several times to estimate uncertainty about model parameterization. This approach can easily be extended to include other demographic characteristics of a target population but given the generality used for distance of move (i.e., out of county), it is not clear whether the added complexity is warranted. ability of models to fully characterize these relationships. The uncertainty and variability that is contributed to exposure/risk models by model inputs can be addressed in part through the use of probabilistic input distributions in the context of a PRA. But the process can become haphazard and inconsistent without a standard approach for developing scenario-specific input distributions in PRA. It is critical that the standard approach be consistent but also maintain enough flexibility to address the range of exposure and risk scenarios that might exist.
We present here an approach that provides default or archetypal distributions for exposure parameters in well defined subsets of the population and a process for adapting these archetypal distributions to specific scenarios and populations. This approach has two steps. The first step provides information that is general to most PRAs in the form of archetypal distributions for subsets of the population, similar to the default inputs used in deterministic risk assessment. The second step provides the method to adapt these defaults to scenario specific conditions, resulting in a probabilistic input distribution that is relevant to the target population. We provided two examples to illustrate this two-step approach-one with body weight (BW) and one with exposure duration (ED).
The first application using BW illustrates a case where a lot of highly relevant and precise data is available on a national scale, including significant detail about demographics. Even so, we found that these data still lack the information needed to develop archetypal distributions for all of the important demographic subsets of the U.S. population. Using both a CART and graphical analysis, we identified race as an important demographic variable for BW, but found insufficient data to construct archetypal distributions for all relevant combinations of age, gender and race. Future studies could address this shortcoming by incorporating more subjective techniques for defining archetypal distributions for race, particularly for individuals of 19 "asian/pacific islander" descent. Nevertheless, the archetypal distributions that we developed provide a first example of an approach that incorporates the benefits of "default inputs" into the PRA process without sacrificing the flexibility that is necessary for relating the analysis to specific target populations and/or risk scenarios. 
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All of these existing methods for estimating ED gave comparable results as illustrated in Fig. 9 . Results from the archetypal tenure-based distributions using a nationally representative ratio of renter/owner households and moving rates out of county were in good agreement with existing models (see Fig. 9 ). The novel element of the approach described here is the identification of important demographic variables that account for relatively homogeneous subsets of the population and the use of these subsets to develop archetypal probabilistic distributions that can be used to construct distributions for a range of different populations and scenarios. A key advantage of this approach is that it reduces the tendency for risk professionals to develop models that go beyond what data and theory can support. For example, given the lack of precision in defining an exposure district and the lack of detailed data on distance of move, it is difficult to justify a more complicated model of ED. Another advantage of the standardized approach described here is that it is expected to make assumptions in the PRA process more transparent thereby easing the burden on risk managers and government agencies who are charged with reviewing and using results from the PRA. The standard method and archetypal distributions described here can benefit from a systematic and critical evaluation against an independent set of well-characterized data for a specific population. In addition, identification of homogeneous subsets and archetypal distributions for other exposure factors is still needed. Step 2: Develop Scenario-specific distribution
Step 1: Develop archetypal distributions tree begins at the second data split because BW of children under age 12 is dependent primarily on age. The figure is read as a binary decision tree. A logical statement is given at each decision point (hexagon) (i.e., "Sex" = (2)). Data for which the statement is true move to the left creating a new data subset. When the statement is false, the data move to the right.
The average, coefficient of variation and sample size is reported for each node. The "split" order indicates the relative importance of that split in decomposing the data. Terminal nodes that are not shown include respondents age 1 and 2, 3 -6, 7 -9 and 10 -11 years. 
Split 6
Age <= 60.5 CV = 69% Avg = 18.1 n = 5567
Split 7
IndSal <= 13K CV = 99% Avg = 7.6 n = 14493 Population Survey. The data used to generate this figure are from the U.S. Census (22) . , σ LN(x) ))+ θ where θ is the shift or location parameter, µ LN(x) and σ LN(x) are the arithmetic mean and standard deviation of the distribution of ln(x) and the function RAND( ) generates a random number from the unit rectangular variate. Note that the negative offset parameter for children birth to 1 y will occasionally result in a negative value, which should be discarded prior to constructing a final distribution. 
